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1.1	Introduction
Reptiles	are	one	of	the	most	diverse	groups	of	terrestrial	vertebrates,	with	10,272	species	described	as	of	August	2015	(Uetz	and	Hošek,	2015).	Hundreds	of	reptile	species	are	still	being	discovered	per	year
(Uetz	and	Hošek,	2015)	on	par	with	rapid	species	discoveries	 in	amphibians	(Köhler	et	al.,	2005).	Yet	as	a	group,	reptiles	are	poorly	represented	on	The	IUCN	Red	List	of	Threatened	Species™,	with	only	44%	of
described	species	evaluated	(IUCN,	2015).	Within	those,	1500	were	assessed	in	a	representative	manner	using	the	Sampled	Red	List	Index	(SRLI)	method	(Baillie	et	al.,	2008),	producing	the	first	global	analysis	of	the
extinction	risk	of	reptiles.	This	method	selects	species	randomly	from	the	species	list,	producing	a	broadly	representative	picture	of	extinction	risk	status	for	reptiles	at	the	order	and	family	level	(Böhm	et	al.,	2013).
The	analysis	revealed	that	one	in	five	reptile	species	is	threatened	with	extinction,	with	risk	highest	among	freshwater	species	and	in	tropical	regions	(Böhm	et	al.,	2013).
Within	 the	 reptile	SRLI	assessment,	318	species	were	assessed	as	Data	Deficient	 (Böhm	et	al.,	2013)	due	 to	 insufficient	 information	on	species’'	 taxonomy,	 ecology,	 distribution,	 population	 trends,	 and/or
threats	(IUCN,	2001).	The	Data	Deficient	category	does	not	correspond	to	a	level	of	extinction	risk,	but	indicates	that	further	information	should	be	collected	to	assign	species	to	a	risk	category	(IUCN,	2001).	High
levels	of	data	deficiency	within	group	assessments	are	problematic	 for	a	number	of	 reasons.	First,	 ignoring	Data	Deficient	species	 (or	 treating	 them	as	 threatened	or	non-threatened)	contributes	 to	considerable
uncertainty	 in	 extinction	 risk	patterns	 (Bland	et	 al.,	 2012;	Butchart	 and	Bird,	 2010;	Hoffmann	et	 al.,	 2010).	 This	 uncertainty	 not	 only	 affects	 the	monitoring	 of	 progress	 towards	 global	 biodiversity	 targets	 (e.g.
Convention	on	Biological	Diversity	(CBD)	Aichi	targets),	but	also	conservation	priorities	which	rely	on	threatened	species	lists	–such	as	Key	Biodiversity	Areas,	biodiversity	hotspots,	and	many	others	(Brooks	et	al.,
2006).	Data	Deficient	species	are	rarely	included	in	national	recovery	plans,	conservation	legislation,	conservation	planning	(Sousa-Baena	et	al.,	2013),	and	investment	schemes.	For	example,	only	2%	of	the	awards
from	the	Mohamed	Bin	Zayed	Species	Conservation	Fund	(MBZSC,	2014)	and	only	one	project	of	the	World	Association	of	Zoos	and	Aquaria	(WAZA,	2013)	exclusively	focus	on	Data	Deficient	species.	All	in	all,	Data
Deficient	reptiles	are	offered	very	little	protection	and	funding	due	to	their	uncertain	extinction	risk.
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Abstract
We	have	no	information	on	the	risk	of	extinction	of	21%	of	reptiles	listed	as	Data	Deficient	on	the	Sampled	Red	List	Index	(SRLI),	an	indicator	developed	to	track	global	change	in	species	status.	Data
Deficient	species	are	of	high	research	priority,	because	they	contribute	to	uncertainty	in	estimates	of	extinction	risk	and	are	neglected	by	conservation	programmes.	We	review	the	causes	of	data	deficiency	in
reptiles;	the	likely	status	of	Data	Deficient	reptiles;	and	possible	solutions	for	their	re-assessment.	We	find	that	52%	of	Data	Deficient	reptiles	lack	information	on	population	status	and	trends,	and	that	few
species	are	only	known	from	type	specimens	and	old	records.	We	build	a	random	forest	model	for	SRLI	species	of	known	extinction	risk,	based	on	life-history,	environmental	and	threat	information.	The	final
model	shows	perfect	classification	accuracy	(100%)	in	ten-fold	cross	validation.	We	use	the	model	to	predict	that	56	of	292	Data	Deficient	reptiles	(19%)	are	at	risk	of	extinction,	so	the	overall	proportion	of
threatened	 reptiles	 in	 the	SRLI	 (19%)	 remains	unchanged.	Regions	predicted	 to	 contain	 large	numbers	of	 threatened	Data	Deficient	 reptiles	overlap	with	known	centres	of	 threatened	 species	 richness.
However,	the	model	shows	lower	accuracy	(79%)	on	29	species	recently	re-assessed	in	the	Global	Reptile	Assessment.	Predictive	models	could	be	used	to	prioritize	Data	Deficient	species	and	reptiles	not
included	in	the	SRLI,	and	new	reptile	assessments	could	be	used	to	improve	model	predictions	through	adaptive	learning.
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Reptiles	included	in	the	SRLI	show	intermediate	levels	of	data	deficiency	(21%;	Böhm	et	al.,	2013).	Data	Deficiency	is	higher	than	in	birds	(0.6%;	Butchart	and	Bird,	2010)	and	mammals	(15%;	Schipper	et	al.,
2008),	but	lower	levels	than	in	amphibians	(25%;	Stuart	et	al.,	2004),	Odonata	(35%;	Clausnitzer	et	al.,	2009),	and	freshwater	crabs	(49%;	Cumberlidge	et	al.,	2009).	Data	Deficient	reptiles	are	also	better-known	than
Data	Deficient	species	in	other	groups	(Bland	et	al.,	submitted).	The	reasons	for	Data	Deficient	status	in	reptiles	often	quote	uncertain	population	status	(33%)	and	uncertain	threats	(23%).	Comparatively	few	listings
are	based	on	severe	sources	of	uncertainty,	namely	type	records	(10%),	few	records	(12%),	old	records	(6%),	or	records	of	uncertain	provenance	(4%).	These	severe	sources	of	uncertainty	collectively	represent	a
higher	 proportion	 of	Data	Deficient	 listings	 in	 freshwater	 crabs	 (93%),	 amphibians	 (43%),	 and	mammals	 (42%)	 than	 in	 reptiles	 (32%;	Bland	et	 al.,	 submitted).	 Some	 reptiles	 are	 listed	 as	Data	Deficient	 due	 to
taxonomic	uncertainty	(6%)	and	recent	discovery	within	10		years	of	the	SRLI	assessment	(6%).	Lack	of	knowledge	of	reptiles’'	threat	status	is	not	only	exemplified	by	Data	Deficient	species;	indeed	more	than	half	of
all	known	reptile	species	remain	Not	Evaluated	(IUCN,	2015).	Addressing	data	deficiency	and	broader	data	gaps	are	therefore	key	challenges	for	reptile	assessments.
Data	Deficient	species	have	received	increased	interest	from	the	conservation	literature	in	recent	years,	with	studies	investigating	the	rationale	for	the	use	of	the	category	(Butchart	and	Bird,	2010;	Sousa-
Baena	et	al.,	2013),	the	effect	of	Data	Deficient	species	on	conservation	priorities	(Trindade-Filho	et	al.,	2012),	and	their	potential	for	informing	future	biodiversity	inventories	(Brito,	2010).	Considerable	progress	has
been	made	in	predicting	the	likely	status	of	Data	Deficient	species	based	on	contextual	data	(e.g.	biology,	ecology,	phylogeny,	environment,	and	threats).	For	example,	distribution	maps	are	available	for	most	Data
Deficient	species	and	can	be	used	to	quantify	risk	factors,	such	as	geographical	range	size	and	exposure	to	anthropogenic	threats.	These	contextual	data	alone	are	insufficient	for	making	a	decision	on	formal	Red	List
status,	 but	 are	 available	 for	 a	wide	 range	of	 groups	 and	have	been	used	 to	predict	 risk	 in	plants	 (Good	et	 al.,	 2006;	Walker,	 2014),	mammals	 (Bland	 et	 al.,	 2015a;	Davidson	 et	 al.,	 2009;	 Jones	 and	Safi,	 2011),
amphibians	(Bland	et	al.,	2015b;	Morais	et	al.,	2013),	and	crayfish	(Bland	et	al.,	2015b).	Simple	rules	of	thumb	based	on	one	or	two	factors	may	not	capture	complex	extinction	risk	dynamics,	as	strong	correlations
between	factors	influencing	both	knowledge	availability	and	extinction	risk	may	lead	to	unreliable	estimates	of	risk.	For	example,	Data	Deficient	reptiles	typically	possess	small	geographic	ranges	(Bland,	2014)	and
may	be	more	likely	to	be	threatened	(Böhm	et	al.,	2015),	but	Data	Deficient	reptiles	also	tend	to	be	small-bodied	(Bland,	2014;	Vilela	et	al.,	2014),	a	factor	usually	associated	with	low	extinction	risk	(Cardillo	 and
Meijaard,	2012).	Predicting	risk	in	Data	Deficient	must	therefore	rely	on	a	wide	variety	of	contextual	data	and	robust	modelling	approaches.
Predictive	studies	of	risk	in	Data	Deficient	species	span	a	diversity	of	methods,	such	as	spatial-phylogenetic	frameworks,	rule-based	methods,	and	machine	learning	(Bland	et	al.,	2015b;	Jones	and	Safi,	2011;
Morais	et	al.,	2013).	Machine	learning	methods	are	powerful	tools	for	finding	patterns	in	large	datasets	and	rely	on	few	assumptions.	This	had	made	machine	learning	increasingly	popular	in	ecology	(Cutler	et	al.,
2007;	Prasad	et	al.,	2006)		and	extinction	risk	analyses	(Bland	et	al.,	2015a;	Davidson	et	al.,	2009).	A	previous	study	highlighted	the	usefulness	of	random	forests	for	predicting	extinction	risk	in	different	taxonomic
groups,	including	reptiles	(Bland	et	al.,	2015b).	Random	forests	are	an	ensemble	method	related	to	classification	trees,	where	many	classification	trees	are	constructed	and	predictions	obtained	by	a	majority	vote
(Breiman,	2001).	For	each	tree,	only	a	randomly	chosen	subset	of	the	explanatory	variables	is	used	at	each	node,	which	reduces	correlation	between	trees.	Random	forests	are	widely	used	in	ecology	due	to	their	high
predictive	 power	 and	 their	 robustness	 to	 overfitting	 and	 noise	 (Cutler	 et	 al.,	 2007).	 In	 addition,	 the	 outputs	 of	 random	 forests	 are	 probability	 estimates	 of	 a	 given	 outcome,	 which	 allow	 easy	 interpretation	 of
uncertainty	when	predicting	complex	processes	such	as	extinction	risk.
Overcoming	 data	 deficiency	will	 be	 a	 costly	 exercise	 (Bland	et	 al.,	 2015b):	 research	 needs	 to	 be	 carried	 out	 on	 the	 key	 aspects	 for	which	 species	 information	 is	missing	 (e.g.	 population	 status,	 threats,
taxonomy),	and	this	new	evidence	will	need	to	be	synthesized	in	assessments.	Prioritizing	Data	Deficient	species	for	re-assessment	will	require	information	on	both	their	likely	risk	status	and	an	understanding	of	the
underlying	causes	of	this	data	deficiency.	We	predict	extinction	risk	of	Data	Deficient	species	in	the	random	representative	sample	of	1,500	reptiles	by	Böhm	et	al.	(2013)	(hereafter	termed	‘SRLI	assessment’)	as	a	first
step	to	reducing	uncertainty	in	extinction	risk	patterns.		We	ask	the	following	questions:	i)	Can	a	random	forest	model	predict	risk	in	species	of	known	extinction	risk	(non-Data	Deficient)?;	ii)	What	is	the	predicted
level	of	extinction	risk	faced	by	Data	Deficient	species?;	and	iii)	How	can	our	findings	direct	re-assessments?
2.2	Methods
2.1.2.1	Dataset
We	used	a	published	extinction	risk	trait	database	on	1,416	terrestrial	reptile	species	(Appendix	A;	Bland	et	al.,	2015b)	included	in	the	SRLI	assessment	(Böhm	et	al.,	2013).	We	did	not	collect	data	for	non-SRLI	species.	No
species	of	crocodiles	were	assessed	as	Data	Deficient	so	predictions	for	this	taxon	cannot	be	made.	We	therefore	excluded	four	crocodile	species,	resulting	in	1,412	species	in	the	dataset.	Data	were	compiled	from	species	descriptions,
field	guides,	museum	specimens	and	published	life-history	studies,	and	supplemented	with	data	obtained	from	expert	herpetologists	during	the	IUCN	Red	List	assessment	process.	References	and	raw	data	are	available	in	Appendices
A	and	B,	 respectively.	The	dataset	contained	 the	 following	 life-history	and	ecological	variables:	maximum	body	size	 (snout-vent	 length),	 reproductive	mode,	habitat	mode,	 trophic	 level,	 island	presence,	and	number	of	 IUCN-listed
habitats.	Information	on	species’'	niche	and	threat	exposure	was	available	as	mean	values	from	within	species’'	geographic	ranges	for	:	:	mean	annual	temperature,	temperature	seasonality	(coefficient	of	variation),	annual	precipitation,
precipitation	seasonality,	minimum	elevation	(Hijmans	et	al.,	2005),	Human	Footprint	(CIESIN,	2005a),	and	mean	and	minimum	human	population	density	for	the	year	2000	(CIESIN,	2005b).	Geographical	range	size	and	latitude	of
range	centroid	were	computed	from	the	IUCN	distribution	maps	of	each	species.	We	did	not	undertake	variable	selection	as	uninformative	variables	are	unlikely	to	affect	predictive	performance	in	analyses	with	fewer	variables	than
species	(low	dimension	problems;	Kuhn,	2008).	We	defined	non-Data	Deficient	species	on	the	IUCN	Red	List	as	threatened	(IUCN	categories	Critically	Endangered,	Endangered	or	Vulnerable)	or	non-threatened	(IUCN	categories	Near
Threatened	or	Least	Concern).
2.2.2.2	Modelling
We	used	random	forests	 to	predict	 the	extinction	risk	 (non-threatened	or	 threatened)	of	data-sufficient	species.	Random	forests	cannot	currently	 take	 into	account	phylogenetic	 relatedness	among	species,	 so	we	 included
taxonomic	order,	family,	and	genus	as	predictor	variables	to	partially	account	for	shared	evolutionary	history.	All	numeric	variables	were	centred	to	a	mean	of	zero	and	scaled	to	a	standard	deviation	of	one	(Kuhn,	2008).	All	categorical
variables	were	transformed	to	orthogonal	dummy	variables.	We	removed	highly	correlated	(r	>	0.9)	and	low	variance	(frequency	ratio	>	999	and	unique	value	percentage	<	0.0001)	variables,	which	can	lead	to	collinearity	and	zero
variance	 in	 cross-validation	 partitions	 (Kuhn,	 2008).	We	 used	 ten-fold	 cross	 validation	 to	 optimize	 the	 number	 of	 variables	 chosen	 randomly	 at	 each	 node	 for	 each	 tree,	 and	 grew	500	 trees	 for	 each	 random	 forest	 iteration.	We
maximized	the	area	under	the	receiver	operating	characteristic	curve	(AUC)	to	measure	classification	performance	as	AUC	is	insensitive	to	unequal	numbers	of	threatened	and	non-threatened	species	in	training	data,	and	does	not
require	the	specification	of	misclassification	costs	(Fawcett,	2006).	We	identified	the	probability	threshold	above	which	a	species	was	 identified	as	threatened	by	maximizing	the	Youden	index	(Y	=	sensitivity		+		specificity	 	 −–	 	1;
Youden,	1950),	which	lends	equal	weight	to	detecting	threatened	and	non-threatened	species	(Bland	et	al.,	2015a).	All	analyses	were	conducted	in	R	version	3.2.2	with	the	caret	package	(Kuhn,	2008).	For	further	details	see	Appendix
A.
Completeness	of	the	predictor	variables	in	our	analysis	ranged	between	96.2	and	100%	(Appendix	A).	Random	forests	can	impute	missing	data	with	proximity-weighted	averages,	but	this	process	may	lead	to	uncertainty	in
predictions	(Breiman,	2003).	We	therefore	conducted	the	analysis	with	two	datasets	(Table	1):	i)	complete	dataset	(removing	species	with	missing	data);	and	ii)	imputed	dataset	(imputing	missing	data).	Model	performance	was	identical
for	the	two	datasets,	so	we	used	the	imputed	dataset	for	all	further	analyses	to	maximize	sample	size.	Results	for	the	complete	dataset	are	reported	in	Appendix	A.
Table	1.Table	1	Summary	statistics	for	the	Sampled	Red	List	Index	assessment,	the	complete	dataset,	and	the	imputed	dataset.	The	percentage	of	threatened	species	is	calculated	for	data-sufficient	species	(non-
threatened		+		threatened).
alt-text:	Table	1
SRLI	assessment Complete	dataset Imputed	dataset
Total	species 1473 1298 1412
Non-threatened	species 939 861 915
Threatened	species 223 172 205
Data	Deficient	species 313 265 292
Percent	threatened 19.1 16.7 18.3
Percent	Data	Deficient 21.2 20.4 20.7
2.3.2.3	Predictions	for	Data	Deficient	species
We	predicted	the	status	of	292	Data	Deficient	terrestrial	species	for	which	we	obtained	trait	data.	We	could	not	obtain	data	for	21	species.	We	created	threatened	species	richness	maps	with	a	grid	of	21,583	hexagons,	each
with	an	equal	area	of	23,529		km2.	The	resolution	was	selected	to	obtain	a	reasonable	number	of	species	in	each	cell	for	congruence	and	spatial	regression	analyses,	and	to	reflect	the	limited	accuracy	of	global	range	maps	(Hurlbert
and	Jetz,	2007).
We	compiled	species’'	 geographical	 range	maps	 for	 three	 sets	 of	 species:	 i)	 SRLI	 species	 listed	 as	 threatened	 (observed	 threatened	 species	 richness;	 218	 species);	 ii)	Data	Deficient	 species	 predicted	by	 the	model	 to	 be
threatened	(56	species);	and	iii)	the	predicted	number	of	threatened	species	(274	species),	 including	threatened	SRLI	species	and	Data	Deficient	species	predicted	to	be	threatened.	For	each	set,	we	selected	cells	with	threatened
species	richness	equal	to	or	greater	than	one	to	prevent	zero	inflation	in	our	models.	We	quantified	the	spatial	correlation	(Tjøsthein,	1978)	and	spatial	congruence	in	centres	of	observed	threatened	species	richness	and	predicted
threatened	richness.	We	then	used	spatial	autoregressive	models	of	predicted	species	richness	as	a	function	of	observed	species	richness	with	intercept	fixed	to	zero,	and	tested	for	a	regression	slope	different	from	one.
Some	of	the	species	originally	included	in	the	SRLI	assessment	by	Böhm	et	al.	(2013)	have	since	been	reassessed	in	expert	workshops	as	part	of	the	Global	Reptile	Assessment.	For	our	292	Data	Deficient	species,	we	compared
our	model	predictions	against	changes	in	Red	List	status	due	to	reassessment	in	the	Global	Reptile	Assessment.	We	computed	the	number	of	species	retaining	Data	Deficient	status	after	reassessment.	For	species	which	changed	status
during	reassessment,	we	investigated	the	congruence	between	predicted	and	reassessed	status.
3.3	Results
The	model	achieved	perfect	predictive	performance	(AUC:	1;	Kappa:	1;	accuracy:	1;	sensitivity:	1;	specificity:	1),	indicating	perfect	discriminability	between	non-threatened	and	threatened	SRLI	reptiles.	The
predicted	probability	of	risk	threshold	obtained	by	maximizing	the	Youden	index	(Y:	1)	was	0.614.	The	model	predicted	56	Data	Deficient	species	(19.2%)	to	be	threatened	with	extinction,	so	the	overall	percentage	of
threatened	reptiles	in	the	SRLI	assessment	(19%)	remained	unchanged.	The	percentage	of	threatened	species	did	not	change	for	Sauria	and	Serpentes,	remaining	at	21%	and	12%	respectively.	The	percentage	of
threatened	species	decreased	slightly	for	Testudines	(47%	threatened	compared	to	51%	in	Böhm	et	al.	(2013)),	and	increased	greatly	for	Amphisbaenians	(21%	threatened	compared	to	7%	in	Böhm	et	al.	(2013)).
Families	with	 high	 numbers	 of	 potentially	 threatened	Data	 Deficient	 species	 included	 Scincidae	 (12	 species),	 Dipsadidae	 (7	 species),	 and	 Amphisbaenidae	 (5	 species).	 Regions	with	 high	 numbers	 of	 potentially
threatened	Data	Deficient	species	included	Madagascar	(9	species),	Brazil	(7	species),	India	(6	species),	Peru	(5	species),	Indonesia	(4	species),	and	Venezuela	(4	species)	(Fig.	1).	The	proportion	of	species	predicted
to	be	at	risk	varied	among	reasons	for	listing	as	Data	Deficient	(Fig.	2),	which	may	reflect	genuine	differences	in	risk	or	uncertainty	in	contextual	data.
Figure	1.Fig.	1	A)	Number	of	Data	Deficient	SRLI	reptiles	predicted	to	be	threatened	(n	=		56);	B)	Number	of	threatened	SRLI	reptiles	(n	=		218);	C)	Number	of	predicted	threatened	Data	Deficient	species	and	threatened	species	in	the	reptile	SRLI
(n	=		274).
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The	spatial	correlation	(Tjøsthein	coefficient:	0.219)	and	the	congruence	(Fig.	S7)	between	observed	and	predicted	centres	of	threatened	species	richness	were	high.	The	top	1%	of	cells	containing	the	highest
observed	 threatened	 species	 richness	 captured	89%	of	 the	predicted	 threatened	 species	 richness.	 The	 congruence	 increased	 to	98%	 for	 the	 top	25%	of	 cells	 containing	 the	highest	 observed	 threatened	 species
richness.	Observed	levels	of	risk	have	not	been	underestimated	according	to	our	regression	model	of	predicted	vs.	observed	threatened	species	richness	(testing	for	slope		≠		1:	slope:	1.003;	p	=	0.65;χ1	,	15342	=		0.202).
Sixty	Data	Deficient	species	with	predicted	risk	status	have	already	been	reassessed	and	published	on	 the	 IUCN	Red	List	as	part	of	 the	Global	Reptile	Assessment.	Thirty	one	species	retained	 their	Data
Deficient	status	—	our	model	predicted	the	majority	of	these	(23)	to	be	non-threatened.	Of	the	remaining	29	reassessed	species,	21	were	reassessed	as	non-threatened	and	were	correctly	classified	by	our	model.	Eight
species	were	reassessed	as	threatened,	but	we	only	predicted	two	of	these	to	be	at	risk.	However,	seven	of	these	eight	species	were	predicted	to	have	a	high	probability	of	risk	greater	(>	0.41).	Our	model	correctly
classified	79.3%	of	re-assessed	Data	Deficient	species,	including	100%	of	non-threatened	species	and	25%	of	threatened	species.
4.4	Discussion
Predicting	the	status	of	Data	Deficient,	Not	Evaluated	and	other	poorly-known	species	 is	a	key	challenge	for	conservation	planning	and	global	monitoring.	We	demonstrate	that	extinction	risk	can	be	well
predicted	in	SRLI	reptiles	based	on	intrinsic	(life-history	and	ecology)	and	extrinsic	(niche	and	threat	exposure)	attributes.	This	is	an	encouraging	result	given	the	financial	and	temporal	constraints	operating	on	the
red	listing	process	(Rondinini	et	al.,	2014).	Extinction	risk	levels	estimated	with	species	currently	listed	as	threatened	in	the	SRLI	and	excluding	Data	Deficient	species	(19%)	do	not	differ	from	those	estimated	with
Data	Deficient	species	predictions	(19%).	Known	centres	of	threatened	species	richness	are	highly	congruent	with	predicted	centres	(Fig.	1).	Our	findings	suggest	that	known	extinction	risk	patterns	are	robust	to	data
deficiency.
Distribution	of	predicted	threatened	species	reflects	the	distribution	of	recognised	hotspots	of	threatened	species	in	need	of	effective	conservation	planning	(e.g.,	biodiversity	hotspots;	Myers	et	al.,	2000),	such
as	the	Tropical	Andes,	Mesoamerica,	Sundaland,	and	Madagascar.	We	predicted	the	highest	number	of	threatened	Data	Deficient	reptiles	in	Madagascar,	a	country	recently	highlighted	as	a	centre	of	high	extinction
risk	for	reptiles	(39%	threatened;	Jenkins	et	al.,	2014).	Similarly,	our	model	predicted	large	numbers	of	threatened	Data	Deficient	species	in	the	highly	threatened	Atlantic	forest	and	restinga	habitats	in	Brazil	(Böhm
et	al.,	2013).
The	snake	family	Dipsadidae	contributed	one	of	the	largest	numbers	of	predicted	threatened	species	in	our	analysis.	This	family	was	one	of	the	few	snake	families	to	not	be	significantly	over-threatened	in
earlier	 analyses	 (Böhm	 et	 al.,	 2013),	 suggesting	 that	 risk	 levels	 in	 snakes	may	 have	 been	 underestimated.	 Estimation	 of	 risk	 levels	 in	 amphisbaenians	 was	 previously	 highly	 uncertain,	 with	 7‐–54%	 threatened
depending	on	the	treatment	of	Data	Deficient	species	as	either	non-threatened	or	threatened	(Böhm	et	al.,	2013).	Our	model	predicts	that	amphisbaenians	are	threatened	in	the	same	proportion	as	lizards.	Predictive
Figure	2.Fig.	2	Distribution	of	predicted	probability	of	risk	for	292	Data	Deficient	reptiles	assigned	to	each	justification	tag.	We	assigned	eight	justifications	tags	to	denote	the	reason(s)	why	a	species	was	listed	as	Data	Deficient.	The	threshold	best	classifies
data-sufficient	species	as	threatened	or	non-threatened	based	on	the	predicted	probability	of	risk.	Definitions	and	sample	sizes	for	each	justification	are	available	in	Appendix	A.
alt-text:	Fig.	2
models	may	thus	be	of	particular	importance	for	filling	data	gaps	for	species	that	are	difficult	to	observe,	such	as	fossorial	and	arboreal	species.
Our	extinction	risk	model	has	great	potential	for	conservation	applications.	It	could	be	used	to	cost-effectively	re-assess	Data	Deficient	reptiles,	by	prioritizing	species	with	high	predicted	risk	probabilities,	low
action	costs,	and	high	probability	of	action	success	(Joseph	et	al.,	2009).	Actions	required	to	re-assess	a	species	known	from	a	type	specimen	collected	a	hundred	years	ago	will	differ	from	those	required	for	relatively
well-known	 species	 for	which	 information	 on	 threats	 is	 uncertain.	 Prioritizing	 species	 for	 re-assessment	with	 both	 high	 predicted	 risk	 and	 large	 amounts	 of	 information	 already	 available	 (e.g.	 species	with	 only
population	trends	or	threat	information	missing)	may	show	the	lowest	cost	and	highest	probability	of	success.	Data	Deficient	reptiles	are	relatively	well-known	compared	to	Data	Deficient	species	from	other	groups
(Bland	et	al.	submitted),	so	re-assessing	reptiles	is	likely	to	be	less	costly,	faster,	and	more	successful.
Our	extinction	risk	model	compares	favourably	with	models	built	for	other	groups.	Models	for	mammals	range	in	sensitivity	from	47.7%	(Davidson	et	al.,	2009)	to	93.5%	(Bland	et	al.,	2015a).	Similarly,	Tingley
et	al.	(2013)	obtained	R2	values	of	0.54‐–0.68	 in	models	applied	to	New	Zealand	 lizards,	whilst	models	applied	to	other	groups	tend	to	show	low	R2	values	(Cardillo	et	al.,	2006;	Cardillo	and	Meijaard,	2012).	Our
random	forest	model	performed	better	than	a	similar	model	for	reptiles	(Bland	et	al.,	2015b),	as	we	did	not	attempt	inter-model	comparisons	and	therefore	made	more	efficient	use	of	training	data.	Why	models	vary	in
predictive	performance	within	and	among	groups	depends	on	data	quality	and	quantity;	the	link	between	the	available	data	and	extinction	risk;	and	the	modelling	method	—	factors	that	can	be	difficult	to	disentangle.
Good	performance	of	our	model	may	be	 linked	to	the	quality	of	Red	List	assessments,	as	consistent	application	of	 the	IUCN	Red	List	Categories	and	Criteria	(IUCN,	2001)	 is	 likely	 to	help	build	highly	predictive
models.	Incorrect	predictions	of	risk	in	mammals	have	been	associated	with	charismatic	and	contentious	species	(e.g.	cheetah),	and	with	species	that	have	subsequently	changed	status	due	to	non-genuine	reasons,
such	as	increased	information	availability	(Bland	et	al.,	2015a).	A	consistent	and	transparent	Red	Listing	process	is	therefore	likely	to	improve	the	usefulness	of	predictive	extinction	risk	modelling.
Performance	may	also	be	linked	to	the	strength	of	the	relationship	between	predictor	variables	and	extinction	risk.	Range	size	is	the	dominant	variable	explaining	extinction	risk	in	reptiles	(Böhm	et	al.,	2015)
and	for	species	with	small	ranges,	accessibility	of	the	range	and	habitat	specialization	become	increasingly	important	in	determining	risk	(Böhm	et	al.,	2015).	This	highlights	the	interaction	between	multiple	factors
influencing	risk,	a	process	that	can	be	easily	captured	by	tree-based	machine	learning	such	as	random	forests.	Geographical	range	size	is	used	to	classify	species	as	threatened	in	the	IUCN	Red	List,	so	its	use	in
explanatory	models	of	extinction	risk	can	provide	biased	parameter	estimations.	However	 in	a	predictive	context,	geographical	range	size	 is	a	key	variable	to	accurately	predict	risk,	and	degrading	the	quality	of
species	range	maps	leads	to	poor	model	predictions	(Bland	et	al.,	2015b).
Applying	any	model	relies	on	assumptions	that	may	contribute	to	uncertainty	in	predictions	for	Data	Deficient	species.	We	assume	that	the	relationship	between	predictor	variables	and	extinction	risk	(fitted
model)	is	similar	for	both	data-sufficient	and	Data	Deficient	species.	We	show	that	the	distribution	of	explanatory	variables	for	data-sufficient	species	spans	that	for	Data	Deficient	species	(Figs.	S1	and	S3),	but	biases
in	variable	distributions	may	lead	to	more	uncertain	predictions	for	species	possessing	traits	not	well	represented	in	the	training	set,	such	as	smaller	bodies	(González-Suárez	et	al.,	2012).
The	accuracy	of	data	available	for	Data	Deficient	species	can	also	be	problematic.	Limited	sampling	may	cause	systematic	under-estimation	of	range	size	for	Data	Deficient	species,	which	in	turn	may	lead	to
over-estimation	 of	 risk.	 The	majority	 of	 species	 predicted	 to	 be	 at	 risk	 (34	 out	 of	 56)	were	 listed	 as	Data	Deficient	 on	 the	 basis	 of	 being	 known	 only	 from	 their	 type	 specimen(s),	 and	 thus	 having	 small	 known
distributions.	However,	it	appears	that	small	species	distribution	will	not	automatically	lead	to	threatened	classifications.	The	overall	level	of	risk	in	Data	Deficient	species	(19.2%)	is	similar	to	levels	found	in	data-
sufficient	species	(19.1%),	suggesting	an	upper	limit	to	the	over-estimation	of	extinction	risk	in	the	dataset.	Of	the	31	species	which	remained	Data	Deficient	in	the	Global	Reptile	Assessment	workshops,	our	model
predicted	23	not	to	be	threatened.		Most	of	these	species	(12	out	of	23)	remained	Data	Deficient	as	they	were	only	known	from	type	specimens,	few	specimens,	or	the	type	locality.
Whilst	our	model	perfectly	predicts	the	status	of	data-sufficient	species,	we	misclassify	20.7%	of	Data	Deficient	species	re-assessed	under	the	Global	Reptile	Assessment.	It	is	expected	that	models	will	perform
more	poorly	on	new	data	compared	to	validation	data.	However,	because	re-assessed	species	in	the	Global	Reptile	Assessment	are	not	a	random	sample	of	Data	Deficient	species,	the	misclassification	rate	may	not	be
applicable	 to	other	Data	Deficient	 species	or	non-SRLI	 species.	As	 information	on	more	 (or	all)	 species	 from	 the	Global	Reptile	Assessment	becomes	available,	models	of	extinction	 risk	could	be	 refined	 through
adaptive	 learning	 and	 eventually	 applied	 to	 species	 not	 yet	 assessed	 by	 IUCN	 (e.g.	 newly	 discovered	 species).	 This	 highlights	 the	 need	 for	 true	 independent	 data	 to	 validate	 extinction	 risk	models,	 rather	 than
calibrating	models	on	a	single	dataset	(e.g.	SRLI)	with	cross-validation.	Unfortunately,	the	speed	at	which	IUCN	Red	List	assessments	are	updated	and	the	inherent	biases	of	many	Red	List	assessments	may	limit
advancements	in	adaptive	learning.
Misclassifications	can	provide	clues	for	improving	the	model.	All	six	species	re-assessed	as	threatened	under	the	Global	Reptile	Assessment	but	not	predicted	to	be	at	risk	by	our	model	were	re-assessed	based
on	small	range	size	and	continuing	decline	 in	extent	and	quality	of	habitat,	processes	that	our	model	may	not	capture	adequately.	Our	anthropogenic	threat	variables	 (e.g.	Human	Population	Density	and	Human
Footprint)	may	be	poor	proxies	of	threat,	or	may	not	be	of	sufficient	spatial	resolution	to	capture	changes	in	reptile	habitats	since	many	species	primarily	rely	on	microhabitats	or	seasonal	habitats	(Michael	et	al.,
2015).	This	highlights	the	need	for	future	work	to	focus	on	the	appropriateness	of	emerging	data	on	spatial	habitat	change	(e.g.	forest	loss;	Hansen	et	al.,	2013),	including	spatial	data	on	climate	change	(Böhm	et	al.
this	issue)	and	invasive	species	.	Threat-specific	data	may	allow	improved	prediction	of	extinction	risk,	for	example	in	island	species	which	are	disproportionately	affected	by	invasive	species	(30%	are	affected	by
those	vs.	12%	on	continents).	At	the	same	time,	there	is	a	need	to	regularly	update	existing	spatial	data	layers	to	allow	effective	assessment	of	threats	over	time	(Joppa	et	al.,	2016).
Our	study	did	not	consider	freshwater	and	marine	reptiles,	which	globally	exhibit	higher	levels	of	risk	but	lower	levels	of	data	deficiency	than	terrestrial	reptiles	(Böhm	et	al.,	2013).	However,	some	marine
reptiles	show	high	levels	of	data	deficiency	(e.g.	34%	in	marine	elapid	snakes;	Elfes	et	al.,	2013)	and	levels	of	data	deficiency	in	the	entire	Red	List	are	twice	as	high	in	marine	groups	than	non-marine	groups	(Webb
and	Mindel,	2015).	Developing	predictive	models	of	risk	for	marine	Data	Deficient	species	is	a	priority,	and	will	rely	on	the	quantification	of	anthropogenic	threats	relevant	to	marine	systems	(Halpern	et	al.,	2008).
Extinction	 risk	models	 based	 on	 two	 categories	 (threatened	 vs.	 non-threatened)	 can	be	highly	 predictive,	 yet	 distinct	 IUCN	Red	List	 categories	 are	needed	 for	 calculating	 the	Red	List	 Index,	monitoring
progress	towards	Aichi	targets	(Convention	on	Biological	Diversity,	2010),	and	for	finer	scale	conservation	prioritization.	This	can	be	achieved	by	selecting	probability	thresholds	representing	category	boundaries
(Fig.	S2	and	S4),	but	a	key	challenge	is	to	directly	model	five	risk	categories	when	these	are	highly	imbalanced	(e.g.	842	Least	Concern	vs.	22	Critically	Endangered	species	in	our	dataset).	This	could	be	achieved
through	improved	machine	learning	(e.g.	resampling	or	anomaly	detection)	or	alternative	modelling	methods	(e.g.	cumulative	link	models;	Luiz	et	al.,	2016).
This	 study	 provides	 an	 encouraging	 step	 forward	 for	 assessing	 reptile	 biodiversity.	We	 find	 that	 extinction	 risk	 is	 highly	 predictable	 in	 SRLI	 reptiles,	 and	 that	 known	 patterns	 of	 risk	 are	 robust	 to	 data
deficiency.	The	real	challenges	lie	in	assessing	all	reptile	species	globally,	and	fully	understanding	and	mitigating	drivers	of	risk.	The	results	of	this	study	should	be	interpreted	in	the	context	of	the	SRLI,	which	is
based	on	a	limited	sample	of	reptile	biodiversity.	Whilst	the	representativeness	of	the	Sampled	Red	List	approach	has	been	demonstrated	at	the	taxonomic	level	(Baillie	et	al.,	2008),	the	representativeness	of	spatial
patterns	derived	from	the	approach	remains	unproven.	Assessing	all	reptiles	under	the	Global	Reptile	Assessment	will	improve	our	understanding	of	drivers	and	spatial	patterns	of	extinction	risk,	and	enhance	our
capacity	to	predict	risk	across	reptile	biodiversity.
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